We investigate the relationship between commodity returns and macroeconomic fluctuations. 
Introduction
Recent literatures show that there is a financialization of commodity market. Basak and Pavlova (2016) document a substantial increase in investments of commodity markets in the recent decade. The sharp growth in commodity markets is also reported by Casassus and Dufresne (2005) , Vivian and Wohar (2012) and Basu and Miffre (2013) . Therefore, according to Stoll and Whaley (2010) and Tang and Xiong (2012) , this commodity market financialization demonstrates that investors seriously consider the commodity as one of the alternative assets (Thalassinos and Dafnos, 2015) .
There are recent studies investigating factor models of the commodity return. The studies include commodity markets and futures returns (Ahmed and Tsetanov, 2016; Berger and Uddin, 2016) , commodity derivative and commodity related stock returns (Chiang et al., 2015) , and commodity and stock returns (Creti et al., 2013) . However, none of them explore the relationship between commodity and index volatilities. This question is essential because commodity return fluctuations are likely explained by macroeconomics fluctuations. The macroeconomics fluctuations are indicated by stock index return fluctuations (Thalassinos et al., 2012; Grima et al., 2017) .
The relationship between macroeconomic variables and stock market prices have been intensively discussed by many finance scholars. For instance, Fama (1981; 1990) , and Fama and French (1989) report that there is a significant relationship between macroeconomic variables and stock prices. A classic paper by Ferson and Harvey (1991) , demonstrates a positive relationship between macroeconomic variables and stock prices. More recent works by Mukherjee and Naka (1995) , Cheung and Ng (1998) and Humpe and Macmillan (2009) also find a significant relationship between stock prices and macroeconomic indicators. Therefore, we expect that the relationship between commodity and macroeconomic fluctuations also exists.
The main contribution of this paper is exploring the relationship between commodity returns fluctuations and macroeconomic fluctuations, as indicated in the stock index return fluctuations. Specifically, we do the investigation about the significance and direction of the relationship. The remainder of the paper is organized as follow: Section 2 reviews relevant studies about multi-factor returns in commodity markets; Section 3 discusses the method; Section 4 describes the data and discusses the empirical results; Section 5 concludes.
Literature Review
Multifactor commodity returns analysis has become recent important issues in the finance literature. Ahmed and Tsetanov (2016) examine the commodity futures excess returns using two factor models. They find weak evidence that the factor models can better explain the monthly excess returns. Furthermore, they also show that the commodity-based risk factors do not generate systematic economic value. A paper by Berger and Uddin (2016) investigates multiscale dependence analysis among equity markets, commodity futures and uncertainty indexes. They demonstrate that there is a stronger dependence between the long-run trends of the asset classes. Another work by Chiang et al. (2015) estimates oil risk factors in the non-oil pricing models. They report that there is a degree of sensitivity from the oil to the oil industry. Unfortunately, none of them have analyzed how the multi factor commodity volatility is related to the macroeconomic changes (Thalassinos and Politis, 2011; Japparova and Rupeika-Apoga, 2017) .
There are recent studies examining the relationship between commodity and stock market in the multi factor frameworks. For instance, Creti et al. (2013) explore the relationship between commodities and stocks price returns. They find that the correlations between commodity and stock markets are time-varying and high volatile. Another study by Nagayev et al. (2016) discusses the potential diversification benefits of commodities in the equity index portfolio. They also find that correlations between commodity markets and the index are time-varying and highly volatile. Thus, they conclude that the potential diversification benefits vary across different commodities. Olson et al. (2014) investigate the relationship between the energy and equity markets using a multivariate BEKK volatility model. They find a weak response from index volatility to energy price shocks. Their finding suggests that the energy index is not good for hedging. However, none of them discussed how the macroeconomic fluctuations affect the commodity volatility.
Stock market is a good pointer or predictor of the economy (Jareno and Loredan, 2016; . A significant number trust that expansive abatements in stock costs are reflective of a future recession. The securities exchange concerning illustration about a pointer of monetary activity, however, does not come without thorough discussion. The solid budgetary development that emulated the 1987 securities exchange crash creates doubt about the stock market's predictive capability.
Method
Some literatures document the importance of using the realized volatility in commodity markets (Wang et al., 2008; Souček and Todorova, 2013; Fonseca et al., 2016) . Therefore, we use the realized volatility in our models. One of widely-used methods is moving average (Hatchett et al., 2009) . The next question is what is the appropriate window of moving average in commodity markets. Hatchett et al. (2009) suggest 1 to 5 -year moving average in the commodity markets.
The moving average realized volatility of return can be expressed as follows:
(1) where VOL,t denotes the moving average realized volatility (standard deviation) of return at time t, k is the window of moving average (1 year, 2 years, 3 years, 4 years and 5 years), rt-i denotes the previous returns (from t-1 to t-k), and ̅ is the average return during the window period (i.e. from t-1 to t-k).
We use three major stock indices of US market. The indices are NASDAQ, Dow Jones Industrial Average Index (DJIA) and Standard & Poor 500 (SP500). DJIA includes 30 blue chip companies measuring the execution of a portfolio comprising of one share of each company. SP500 is more comprehensive and representative than DJIA because it consists of 500 companies. NASDAQ is the most developed stock market with around 4,500 listed companies. Indeed, 479 of those companies are non-US companies. In recent years, 89 percent of all initial public offerings of shares in the US have been done through NASDAQ. Therefore, we argue that it is appropriate to examine the volatility of macroeconomic variables using those three major stock indices.
Our model investigating how the volatility of macroeconomic variables, as indicated in the volatility of market indices, affect the volatility of commodities is as follows:
where VOLCOM,t denotes the realized volatility of return of a commodity at time t, VOLNASDAQ,,t is the realized volatility of return of NASDAQ index at time t, VOLDJIA,t is the realized volatility of return of Dow Jones index at time t, and VOLSP500,t is the realized volatility of return of SP500 index 3 at time t.
Empirical Analysis
Our sample includes: crude oil, natural gas, gold, silver, copper, corn, wheat and soybean. Those are the financial commodities that are discussed in recent literature (Plantier, 2012; Nakaso, 2011; Baker, 2015) . We perform the daily, weekly and monthly analysis to obtain a robust finding since data availability dictates the time span for commodity markets (Narayan et al., 2013) . Furthermore, we also perform the analysis at different moving average windows, from 1 to 5 year(s) horizons as advised by Hatchett et al. (2009) .
Our sample period is from January 1, 2000 to December 31, 2015. We start the sample period from early 2000 because commodity markets have entered the financialization era since 2000s (Rossi, 2012; Tang and Xiong, 2012) . Thus, the 1-year window moving average uses data from We find that the average daily returns range from 0.00 percent for gas to 0.03 percent for gold, the average weekly returns range from negative 0.01 percent for gas to 0.16 percent for gold and the average monthly returns range from negative 0.03 percent for gas to 0.67 percent for gold. Overall, gas tends to generate the smallest average return while gold tends to generate the highest average return. We find that the volatilities of daily returns range from 1.13 percent for gold to 4.25 percent for gas, the average volatilities of weekly returns range from 2.49 percent for DJIA to 8.74 percent for gas and the average volatilities of monthly returns range from 0.01 percent for DJIA to 18.91 percent for gas. Overall, DJIA tends to have the least volatile return series while gas tends to have the most volatile return series. Then, we calculate moving average realized volatility for the returns series of those eight commodities and three stock indices at five different windows. After obtaining the realized volatility variables for the commodities and indices, we perform the regression equation (2) to investigate the relationship between financialized commodities and stock indices volatilities. Table 2 reports the regression results for the daily series, Table 3 reports the regression results for the weekly series and Table 4 reports the regression results for the monthly series.
According to Table 2 , we find that the volatilities of NASDAQ, DJIA and SP500 daily returns tend to be statistically significant in explaining the variation of volatilities of 193 193 193 193 193 193 193 193 193 193 193 commodity daily returns. The result is strong for all eight financialized commodities. However, the directions, as shown in the beta coefficients, on how the index volatility affect the commodity volatility are different. The beta coefficients signs for NASDAQ and DJIA indices tend to be negative while the beta coefficients signs for SP500 index tend to be positive. These results indicate that higher realized volatilities of NASDAQ and DJIA daily returns cause lower realized volatilities of financialized commodities daily returns while higher realized volatilities of SP500 daily returns cause higher realized volatilities of financial commodities daily returns. Most of the explanatory powers range from 49 percent to 98 percent with exceptions of gas (in the 1-year window moving average) and soybean (in all windows moving average) commodities. This indicates that the economic model of equation (2) is sensible.
According to Table 3 , we also find that the volatilities of NASDAQ, DJIA and SP500 weekly returns tend to be statistically significant in explaining the variation of volatilities of commodity weekly returns. The result is strong for all eight financialized commodities. However, the directions, as shown in the beta coefficients, on how the index volatility affect the commodity volatility are different. The beta coefficients signs for NASDAQ (all windows moving average) and DJIA (1-year and 2-year windows moving average) indices tend to be negative while the beta coefficients signs for DJIA (3-year, 4-year and 5-year windows moving average) and SP500 indices tend to be positive. These results indicate that higher realized volatilities of NASDAQ and short term horizon DJIA weekly returns cause lower realized volatilities of financialized commodities weekly returns while higher realized volatilities of long term horizon DJIA and SP500 weekly returns cause higher realized volatilities of financialized commodities weekly returns. Most of the explanatory powers range from 34 percent to 87 percent with exceptions (again) of gas (in the 1-year window moving average) and soybean (in all windows moving average) commodities. This also indicates that the economic model of equation (2) is sensible.
According to Table 4 , we also find that the volatilities of NASDAQ, DJIA and SP500 monthly returns tend to be statistically significant in explaining the variation of volatilities of commodity monthly returns. The result is strong for all eight financial commodities. However, the directions, as shown in the beta coefficients, on how the index volatility affect the commodity volatility are different. The beta coefficients signs for NASDAQ index tend to be negative while the beta coefficients signs for DJIA and SP500 indices tend to be positive. These results indicate that higher realized volatilities of NASDAQ monthly returns cause lower realized volatilities of financialized commodities monthly returns while higher realized volatilities of DJIA and SP500 monthly returns cause higher realized volatilities of financialized commodities monthly returns. Most of the explanatory powers range from 42 percent to 95 percent with exceptions of gas, silver, corn, and wheat (in the 1-year window moving average) and soybean (in the 1-year and 2-year windows moving average) commodities. This is another justification whether the economic model in equation (2) is sensible. 4.6122 ***) 8.5810 ***) -0.1420 -0.8003 ***) 2.1811 ***) -0.3043 *) 1.2593 ***) 0.7902 ***) ( 17.70 ) ( 31.55 ) ( -1.05 ) ( -3.80 ) ( 7.43 ) ( -1.94 ) ( 5.15 ) ( 3.45 ) β3 -1.8481 ***) -7.3637 ***) 0.9406 ***) 2.3799 ***) -0.0990 1.6068 ***) 1.0101 ***) -0.3459 **) ( -10.04 ) ( -38.34 
Conclusion
The paper investigates the relationship between commodity returns fluctuations and macroeconomic fluctuations. The macroeconomic fluctuations are indicated in the stock index return fluctuations. Using realized volatility at different series and different moving average windows in the eight financialized commodities, we investigate the significance and direction of the relationship.
We find that the fluctuations of NASDAQ, DJIA and SP500 returns tend to be statistically significant in explaining the variations of volatilities of commodity returns. This finding is strong for all eight financialized commodities and at daily, weekly and monthly returns series. However, the directions on how the index volatility affect the commodity volatility are different. Higher realized volatility of NASDAQ return causes lower realized volatility of financialized commodity return while higher realized volatility of SP500 return causes higher realized volatility of financialized commodity return. DJIA has different directions in each series. Higher realized volatility of DJIA return causes lower realized volatility of financialized commodity return in the daily series while higher realized volatility of DJIA return causes higher realized volatility of financialized commodity return in the monthly series. In the weekly series, higher realized volatilities of short term horizon DJIA returns cause lower realized volatilities of financialized commodities returns while higher realized volatilities of long term horizon DJIA returns cause higher realized volatilities of financialized commodities returns.
The different results of volatility of DJIA return variable seem due to relatively few companies consisting DJIA index. On the other hand, there are a lot of companies consisting both NASDAQ and SP500 indices so that we obtain consistent results of volatilities of NASDAQ and SP500 variables. This result is consistent with portfolio theory stating that more well-diversified portfolio will generate more stable (i.e. less volatile) return because the idiosyncratic risks have been eliminated.
